Given the massive increase in the number of new sequences and structures, a critical problem is how to integrate these raw data into meaningful biological information. One approach, the Evolutionary Trace, or ET, uses phylogenetic information to rank the residues in a protein sequence by evolutionary importance and then maps those ranked at the top onto a representative structure. If these residues form structural clusters, they can identify functional surfaces such as those involved in molecular recognition. Now that a number of examples have shown that ET can identify binding sites and focus mutational studies on their relevant functional determinants, we ask whether the method can be improved so as to be applicable on a large scale. To address this question, we introduce a new treatment of gaps resulting from insertions and deletions, which streamlines the selection of sequences used as input. We also introduce objective statistics to assess the signi®cance of the total number of clusters and of the size of the largest one. As a result of the novel treatment of gaps, ET performance improves measurably. We ®nd evolutionarily privileged clusters that are signi®cant at the 5 % level in 45 out of 46 (98 %) proteins drawn from a variety of structural classes and biological functions. In 37 of the 38 proteins for which a protein-ligand complex is available, the dominant cluster contacts the ligand. We conclude that spatial clustering of evolutionarily important residues is a general phenomenon, consistent with the cooperative nature of residues that determine structure and function. In practice, these results suggest that ET can be applied on a large scale to identify functional sites in a signi®cant fraction of the structures in the protein databank (PDB). This approach to combining raw sequences and structure to obtain detailed insights into the molecular basis of function should prove valuable in the context of the Structural Genomics Initiative.
Introduction
As the production of putative genes from whole genome shotgun sequencing continues to grow exponentially, the Structural Genomics Initiative (SGI) aims to produce an equally daunting number of new protein structures, thus raising an important question as to how this mass of raw data will be transformed into biologically meaningful information. One approach, the Evolutionary Trace (ET), 1,2 combines both sequence and structure information to identify the location and speci®city determinants of functional sites in proteins. This can be immediately useful because functional surfaces mediate all protein-ligand interactions. Knowledge of their location and speci®city determinants helps target mutagenesis to the relevant residues of a protein in order to understand the molecular basis of function, 3, 4 and it is also useful for drug design and for engineering new, desirable properties into proteins.
Determining functional sites on the surface of a protein is not trivial, however. The best approach to date is mutational analysis whereby individual residues are altered one at a time and the mutant protein's various functions are subsequently assayed. This can be slow and costly and, critically, it also requires that accurate assays of each of the protein's multi-faceted functions be available. This requirement can be problematic, since the functions of many proteins are either not known or are only partially known. Nevertheless, elegant studies have shown that this strategy is highly successful at delineating functional hot spots, and reveal that these are often a smaller subset of the entire set of interfacial contact residues seen in crystal complexes. 6 As an alternative to the protein-speci®c nature of mutational analysis, a number of laboratories have sought general computational approaches to characterize functional sites. Analyses that seek motifs, either based on complementarity of shape 7 or of charge, 8 on empirical energy functions, 9 including the energetic links between proteins and ligands 10 or the energetic effect of substitutions, 11 are all best done in the setting of an already identi®ed binding partner. A second set of methods seeks to predict functional surfaces de novo. Casari et al. developed an algebraic method termed principal component analysis that treats proteins as vectors in a sequence space. 12 Henikoff & Henikoff seek block-like motifs and then measure the chance distribution of their matches against the SWISS-PROT database. 13 Jones & Thornton use physicochemical descriptors of surface residues to score their probability of interacting in protein-protein interactions 14 based on a database of interfaces. Shatsky and colleagues align hinge regions and exible regions of proteins by detecting maximal congruent rigid fragments so as to obtain their optimal arrangement and to identify functional interfaces. 15 At their core, most of these methods focus on measuring global aspects of residue conservation as a marker of importance.
In contrast, ET seeks to identify local patterns of conservation and global patterns of variation that intrinsically indicate functional or structural importance. This method uses a phylogenetic tree derived from a multiple sequence alignment to approximate the functional clustering of family members. By partitioning the tree into distinct branches (deemed equivalent to functional classes), consensus sequences can be generated for each one and then compared. Residue positions that are invariant within each branch but variable among them are termed trace or class-speci®c residues. By construction, these class-speci®c residues are closely coupled to evolutionary divergence and hence, presumably, to functional importance. The minimum number of branches into which the tree has to be divided in order for a residue to become class-speci®c is termed the rank of that residue. Top ranks (1, 2, 3, . . . ) indicate residues that have become ®xed within each of the most ancient evolutionary clades of a family suggesting a fundamental link to function, whereas low ranks ( . . . , n À 2, n À 1, n; where n is the maximum number of sequences in the family) indicate residues that vary even among the most closely related of proteins suggesting they have little impact on function.
The ET was tested extensively in SH2 and SH3 modular signaling domains, 2 type-II zinc ®ngers from nuclear hormone receptors, 16 heterotrimeric G proteins, 1 RGS proteins, 3 and G protein-coupled receptors. 17 Signi®cantly, the G protein and RGS traces are bona ®de predictions that were only later con®rmed by mutational and crystallographic analysis. 4, 18, 19 Other laboratories have successfully used ET in BPTI, 20 heregulin, 21 TGFb and related growth factors, 22 and in PHD zinc ®ngers 23 occasionally proposing variations on the basic scheme of the trace. 21, 24, 25 Since ET is demonstrably useful in these examples, can it now be applied to proteins on a large scale? There are two major bottlenecks in the way. First, the selection of homologues that make up the input to ET is complicated by the need to minimize gaps in their multiple sequence alignment. This is because ET eliminates all positions with gaps from further analysis (the rationale being that a position cannot be functionally critical to all the proteins in the alignment if it can be removed altogether from some). Since insertions and deletions are common, this creates a dilemma, as ET traces more sequences it covers a diminishing percentage of the protein under study. The compromise is to selectively remove sequences that introduced the most gaps in the alignment. One drawback is that this step is subjective, another is that it also deprives ET of the evolutionary information in those sequences. Here, we introduce a novel, gap-tolerant trace, by adopting the convention that gaps are a virtual 21st amino acid type.
A second bottleneck is that ET requires visual interpretation of its results. The user must recognize, by eye, clusters of top-ranked residues in 3D space and visually estimate their signi®cance based on the level of scattered signal throughout the protein. A few large clusters would be interpreted as true signal, while many, small clusters scattered homogeneously about the protein would indicate noise. Although this evaluation is fairly straightforward, it too is subjective, especially near the signal-to-noise threshold. To replace human assessment we use two statistics, the overall number of clusters and the size of the largest cluster. Random sampling of residues in several structures allows us to estimate the distributions of these statistics, and to measure the signi®cance of the actual ET-generated values.
The novel gap-tolerant trace reaches statistical signi®cance by at least one of the two clustering statistics in 45 of the 46 proteins we tested. Using only the number of cluster statistics, 44 protein traces are signi®cant, and if we use the largest cluster statistics only, 42 are signi®cant. By comparison using the older gap-intolerant method, only 33 traces and 36 traces reach signi®cance using the cluster number or the cluster size criteria, respectively. Moreover, in the subset of 38 proteins for which a ligand is present in the crystallographic structure, a signi®cant cluster was identi®ed at the ligand-binding site for 37 proteins. These results establish this novel ET as a general method that is applicable on a large scale and that can identify evolutionarily privileged sites on protein structures that are both statistically signi®cant and functionally relevant.
Results

Distribution of the number of clusters
The signi®cance of an ET analysis can be obtained by comparing clusters formed by trace residues to clusters created when an equal number of residues are randomly chosen. For example, a trace of pyruvate decarboxylase (1pvd) reveals two large clusters con®ned predominantly to one face of the protein, as shown in Figure 1 , where (a) to (d) are rotated by increments of 90 about a vertical axis. In contrast, a random sampling of the same number of residues yields many smaller clusters distributed uniformly over the surface, as shown in Figure 1 (e)-(h). From here onwards, a cluster is de®ned as a collection of residues such that at least one atom (not counting hydrogen atoms) of each member of the cluster is within 4 A Ê of another member of the cluster. Also, in order to compare statistics across proteins, we ®nd it useful to de®ne coverage as a fraction which is the number of trace residues at and above a given rank, divided by the total number of trace residues at the maximum possible rank.
Random distributions were established in 12 proteins ranging from 80 to 537 residues in length. For each, a number of residues representing 5 %, 10 %, 15 %, 20 %, 25 %, and 30 % coverage were picked randomly and repeatedly 5000 times. This allowed us to estimate the random distributions of the number of clusters expected by chance (see Methods). In turn, we could then test whether an observed number of clusters was consistent with the null hypothesis that they arose by chance (H 0 ) and, if not, determine the speci®c level of con®-dence at which we could reject H 0 . As shown in pyruvate decarboxylase (1pvd) (Figure 2 ), when 81 of its 537 residues are picked randomly over 5000 trials (for a coverage of nearly $15 %), the number of clusters formed each time forms a histogram distributed unevenly about 38, with extremes ranging from 25 to 55. In 99.7 % of the trials, the number of generated clusters is greater than 26, so that if a trace yields fewer than 26 clusters, we could reject H 0 at a signi®cance level (p-value) of 0.3 %. Similarly, the number of cluster thresholds to reach signi®cance levels of 1 %, 5 % and 30 % are 27, 30, and 35, respectively. The trace of pyruvate decarboxylase identi®es a total of ten clusters and the probability that this re¯ects random chance is much less than 0.3 %.
The significance thresholds depend linearly on protein size
Remarkably, for a given coverage, the threshold of the number of clusters needed to reach a given level of signi®cance is nearly a linear function of protein size. This is demonstrated in the inset of Figure 2 , which shows the number of clusters corresponding to the 1 % signi®cance threshold for each of the 12 proteins as a function of their size, at 15 % coverage. This relationship holds for all of the de®ned signi®cance levels at coverages ranging from 5 % to 30 % of the protein and even beyond (data not shown). In addition, the high quality-of®t values, R 2 (ranging from 0.89-0.99), suggest that the speci®c choice of these 12 proteins is unlikely to bias the results. Thus, instead of building individual clustering distributions for each protein under study, many computational cycles can be saved by using a generic lookup table{ with the information from the linear ®t in order to determine the signi®cance level for an observed number of clusters identi®ed by the trace. For example, using the inset of Figure 2 , if the top 55 trace residues in a 370 amino acid residue protein ($15% coverage) formed 17 clusters or fewer, they would achieve a signi®cance at the 1% level.
Distribution of the size of the dominant cluster
To further understand the signi®cance of individual trace clusters, we also compared the size of the largest, dominant cluster to the size expected due to chance. For this purpose, we built distributions of the largest cluster size using the method already described above, and shown in Figure 4 for protein pyruvate decarboxylase (1pvd) at 15 % coverage. Typically the largest cluster contained eight residues, with sizes ranging from four to 34 residues over 5000 trials. In order to achieve a signi®cance level of 30 %, 5 %, 1 %, or 0.3 %, the largest trace cluster would have to comprise at least 11, 19, 26, or 30 residues, respectively. In fact, the largest cluster traced in Figure 1 includes 74 residues, and thus achieves a signi®cance much better than 0.3 %.
Here again, for a given coverage and as shown in the inset of Figure 4 , the threshold for the size of the largest cluster needed to reach a given level of signi®cance is nearly a linear function of protein size. This relationship holds for all levels of signi®-cance up to 40 %, and the high quality-of-®t R 2 values (ranging from 0.77-0.97) allowing us to apply this linear relationship to other proteins. For example, using the inset of Figure 4 showing the linear ®t thresholds for 20 % coverage at the 0.3 % level of signi®cance, a 250 amino acid residue protein would achieve signi®cance at the 0.3 % level if its largest cluster contained at least 33 residues.
Treatment of gaps
We treated gaps as if they were a 21st amino acid type. Here the convention that a gap can be interpreted in the same way that Ala, Val, or any of the other 20 amino acid positions is not meant to carry biophysical meaning. It is simply a computational device, which is reasonable because gaps often occur in blocks in a multiple sequence alignment. These blocks indicate that a deletion or insertion took place that was then conserved in all protein descendants, suggesting some functional importance at the location of those gaps. In practice, the ability to rank gapped positions eliminates`h oles'' from ET analyses: now at maximum coverage all the residues in the structure are ranked. To evaluate this new approach, we compared it to the original, gap-intolerant method, where gapped positions are excluded from the trace and remain unranked.
Statistical significance of evolutionary traces
We tested the novel ET method in 46 proteins and found that in all but two the observed number of clusters reaches a signi®cance level of 5 % or better for at least one level of coverage (96 % success rate). In fact, almost two-thirds (30 out of 46, or 65 %) of the traces reach a signi®cance level of 0.3 % or better, as shown in Table 1 . The ®rst protein in which the trace failed reach the 5 % signi®-cance level is the ligand-binding domain of the LDL receptor. This trace involved essentially no pruning of its sequence family, so that 184 homologues were traced together, and the protein itself is about the y-axis), while an equivalent number of randomly selected residues form many small clusters scattered homogeneously throughout the protein ((e)-(h)); (e)-(h) are rotated in the same manner as (a)-(d). The trace residues shown here correspond to those identi®ed at rank 10, or 20 % coverage of the protein (PDB identi®er: 1pvd), where 90 residues are predicted to be important by ET. Figure 2 . The random distribution of the expected number of clusters can be used to establish signi®cance thresholds: 15 % of the residues of pyruvate decarboxylase (1pvd) were randomly selected and the number of residue clusters thus generated was counted. This was repeated 5000 times and the resulting histogram is shown here. Note that we have used a best ®tting smoothed envelope to model discrete data points. The signi®cance thresholds are shown as vertical lines on the distribution and are colored accordingly (see Methods). Inset: The linear relationship between protein size and the number of clusters predicted by random simulations. Each point represents 5000 random simulations performed on a different protein (12 proteins in all) at 15 % coverage with a signi®cance threshold of 1 %.
very small (37 residues) which favors the natural clustering of randomly drawn residues. Interestingly the cluster size statistic discussed below shows that this trace is nevertheless signi®cant. The other trace that does not reach signi®cance is the biotinyl domain involved in fatty acid synthesis. In comparison, the original gap-intolerant method yields statistically signi®cant traces in fewer cases. A total of 33 out of 46 traces (or 72 %, down from 96 %) reach a signi®cance level of 5 % or better at least once (Table 1) at some coverage between 5 and 30 % (Table 2) , and 26 achieve a signi®cance level of 0.3 % or better (or 57 % down from 65 %).
These results can be further broken down for speci®c coverages. Thus, among the 22 proteins that have a rank corresponding to nearly 5 % coverage, 45 % are signi®cant (the other 24 proteins have ranks that correspond to coverages other than 5 %). For the 33 proteins that have a rank near 10 % coverage, 79 % achieve signi®cance. At coverages of 15, 20, 25, and 30 %, the number of proteins with matching ranks are 32, 32, 35, and 35, respectively, and the fractions that achieve the 5 % signi®-cance level are 75, 91, 74 and 49 %, respectively ( Table 2) .
Nearly similar results are obtained by considering the size of the dominant cluster. Using the novel trace approach, 42 of 46 proteins (91 %) reached the 5 % signi®cance level, and 34 (74 %) reached the 0.3 % signi®cance level, as shown in Figure 5 and in Table 1 ). As before, the statistics worsen somewhat when gaps are not counted in the trace. Nevertheless 36 (78 %) of the 46 proteins reach the 5 % signi®cance level, and 29 (63 %) are at the 0.3 % signi®cance level.
As above, these results can be further broken down in terms of the coverage as shown in Table 3 . The number of proteins with matching ranks at 5, 10, 15, 20, 25 and 30 % coverages are 22, 33, 32, 32, 35 and 35, respectively. Speci®cally, a signi®cance level of 5 % was achieved at 5 % coverage in 50 % of the proteins with matching ranks, 76 % at 10 % coverage, 72 % at 15 % coverage, 75 % at 20 % coverage, 57 % at 25 % coverage, and 71 % at 30 % coverage.
It is important to stress that the proteins listed in Table 1 and Table 4 are the totality of those examined during this study. The alignments and the corresponding phylogenetic trees were not adjusted or optimized in any way (see Methods) after the respective proteins were chosen to be included in the test set. In fact, the sets of homologous sequences that make up the input to the trace were minimally optimized: obviously fragmented sequences were removed, as were single outlying sequences that diverged from the main protein of interest near the root of the family tree. Our analyses therefore should be representative of the results expected from a novice rather than expert ET.
Signal-to-noise threshold
The ET signal-to-noise threshold varies among proteins. Initially, at top ranks, relatively few residues are class-speci®c, therefore, coverage is low and the trace residues may be too sparse to make direct contacts (within 4 A Ê ), and thus they may not cluster signi®cantly. Thus, as shown in Table 2 , relatively few proteins achieve signi®cance at 5 % coverage. As we lower the rank threshold, more residues become class-speci®c and these tend to ®ll the gaps between top-ranked residues traced earlier, thereby coalescing many small clusters into fewer, larger ones. This re¯ects the tendency of ET clusters to expand outward from small cores of critically important residues. In keeping with this scenario, most traces reach signi®cance between 15 and 25 % coverage. Eventually, when coverage reaches 30 to 35 %, so many residues are being considered that they will cluster even when picked For each signi®cance level, the number of proteins achieving that signi®cance at least once at some level of coverage is shown for both the number of clusters and the size of largest cluster statistical method. For each method, results are given both for the case where gaps in the multiple sequence alignment caused residue positions to be ignored (without gaps) and for the case where those gaps were treated as a``virtual'' amino acid type (with gaps). The number of proteins is expressed as a fraction of the total number of proteins in the test set.
a Of the 46 proteins in the test set, one protein, growth hormone receptor, did not reach any signi®cance level in the case where gaps were ignored due to the fact that none of the rank values for this protein were directly convertible to any of the standard coverage levels.
randomly, and the signi®cance of trace clusters diminishes as seen in Figure 3 and in Table 2 . The threshold at which the trace residue clusters cease to be signi®cant varies, most often in the 20 to 35 % coverage range.
Ligand contacts
Among the 38 structures in the test set that had bound ligands, 36 (95 %) traces reached signi®-cance with the new method, compared to 30 (79 %) which reached signi®cance with the gap-intolerant approach. In one more protein, HIV reverse transcriptase, ET identi®ed a few residues contacting the ligand, but the clusters were not signi®cant. However, with additional pruning of the original 278 sequences, that trace became signi®cant as well. In all but one of these cases, the known ligand(s) directly contacted a trace cluster as shown for two representative traces in Figure 6 . ET identi®es some but not necessarily all of the residues contacting the ligand, consistent with the fact that not all interfacial residues are important for ligand binding. 6 This is also a function of the rank, or coverage, since top ranked residues should represent the most critical determinants of molecular recognition, while somewhat lesser ranked residues may play a role in speci®city. The overall results for the 38 proteins having bound ligands are shown in Table 4 . Despite the lack of optimization of these traces, it is noteworthy that ET provides biologically relevant information in 37 out of 38 cases and in 36 of those cases, that information is also statistically signi®cant.
Discussion
In order to assess the signi®cance of functional sites predicted by ET analysis, we carried out a statistical analysis of residue clusters in proteins. One aim was to detect and measure the signi®-cance of 3D trace clusters objectively. Another aim was to assess the feasibility of annotating protein functional surfaces on a large scale using ET. To ful®l these goals, we developed an approach based on the fact that random residues will be scattered homogeneously throughout a structure and thus will tend to give rise to multiple clusters of small size rather than a few clusters of large size. Thus, the signi®cance of clusters as predicted by ET can be determined by comparing the number of clusters and the size of the largest cluster with the results expected by random chance. The user can then select the rank with the greatest statistical signi®cance and thus likely to have greater residue clustering. We also introduce a novel approach to insertions and deletions that is more tolerant of gaps in the multiple sequence alignments. This simpli®es the preparation of input data and allows us to exploit the evolutionary information in homologous sequences more fully. We found that over all, ET identi®es active sites that are signi®cant at a level of 5 % or better in 45 of the 46 (98 %) proteins tested using either number of clusters or largest cluster size criteria. To interpret these results, it is important to note that the proteins tested represent a diverse cross-section of the proteome as well as families that are well populated in sequence space.
Implications for large-scale use of the ET
The widespread identi®cation of evolutionarily privileged clusters of residues that are non-random and that overlap with ligand interaction sites ( Figure 6 ) in such a general and randomly selected test set suggests that most proteins will be amenable to trace analysis provided enough sequences are available in their respective family. The proteins analyzed here have a broad cross-section of structural, functional, and evolutionary characteristics, summarized in Table 4 . They participate in metabolic, signaling, transcriptional, and many other pathways where they perform catalysis, Figure 3 . Signi®cance of ET predictions using the number of clusters statistics. For 10, 20, and 30 % coverages, the number of clusters identi®ed by ET was plotted against protein size for each of the 46 proteins with a rank directly convertible to a coverage level. Trace With Gaps refers to ET data generated when considering gaps in the alignment and Trace Without Gaps refers to the ET data generated without this information. The signi®cance thresholds are shown as: 0.3 %, red line; 5 %, black line; 30 %, blue line and were generated using the linear ®ts from the number of clusters simulations. Most ET clusters have a signi®cance better than 5 % (that is, there is a less than 5 % chance of observing such clusters randomly). -10  2  9  2  6  3  9  1  3  2  6  1 0  2 9  10-20  1  5  1  3  2  6  0  0  2  6  0  0  20-30  3  14  0  0  1  3  1  3  3  9  2  6  >30  6  27  4  12  2  6  1  3  2  6  6  17  Total  22  100  33  100  32  100  32  100  35  100  35  100 The number of proteins indicates how many had ranks that matched the indicated percentage coverage, for a given signi®cance level. This nomenclature holds true for Tables 2 and 3 . Of particular note is the fact that all seven proteins with fewer than 30 homologues reached a signi®cance level of 0.3 %. Most, including the smallest family with only 19 homologues, did so using both the number of clusters and the size of largest cluster statistics. This is consistent with previous experience suggesting that proteins with more than 15-20 homologues will achieve good signal-to-noise levels. This assumes that these proteins offer a good sample of evolutionary diversity, as opposed, for example, to being uniquely mammalian.
Cluster number and size: two complementary statistics
For most proteins (30 out of 46), the number of clusters and size of largest cluster statistics yield the same level of con®dence. Occasionally, however, these statistics are complementary rather than redundant. For instance, a trace may identify one large dominant cluster plus several isolated residues that each count as a cluster. If there are enough of these singleton clusters, the overall number of clusters may be too great to be signi®-cant. Yet, the size of the dominant cluster would still be signi®cant and suggest that this trace is biologically relevant. In a number of instances, pro- Figure 4 . The size of the largest cluster is another useful statistical measure: 15 % of the residues of pyruvate decarboxylase (1pvd) were randomly selected and the size of the largest cluster was recorded. This process was repeated 5000 times and the resulting distribution is shown. Note that we have used a best ®tting smoothed envelope to model discrete data points. The signi®cance thresholds are shown as vertical lines on the distribution and are colored accordingly. Similar to the number of clusters study, the linear relationship between protein size and the size of the largest cluster predicted by random simulations is shown in the inset. Each point represents 5000 random simulations performed on a different protein (12 proteins in all) at 20 % coverage with a signi®cance threshold of 0.3 %. Figure 5 . Signi®cance of ET predictions using the size of largest cluster statistics. For 10, 20, and 30 % coverages, the size of the largest cluster predicted by ET is plotted against protein size for each of the 46 proteins with a rank directly convertible to a coverage level. Trace With Gaps refers to ET data generated when considering gaps in the alignment and Trace Without Gaps refers to the ET data generated without this information. The signi®cance thresholds are shown as: 0.3 %, red line; 5 %, black line; 30 %, blue line and were generated using the linear ®ts from the size of the largest cluster simulations. Similar to the number of clusters study, most of the ET clusters have a signi®cance better than 5 % (that is, there is less than 5 % chance of observing such a cluster size randomly). The 46 proteins in the test set are listed. In addition to the full name of the protein, listed for each are the PDB identi®er, class, size (amino acid residues), known function, number of sequences in the multiple sequence alignment, minimum percentage identity between sequences in the alignment and the selected protein structure, the best signi®cance level the protein achieves using the number of clusters statistical method, the best signi®cance level the protein achieves using the size of largest cluster method when gaps are considered as informative, and the evolutionary breadth of the protein family tree (E, eukaryotic; P, prokaryotic; V, viral). As can be seen, the vast majority of the proteins achieve signi®cance at or better than the 5 % level at least once.
teins did achieve greater signi®cance using the largest cluster size method and include the ligand binding domain of the LDL receptor (1ajj), SH3 domain (1nlo), Acyl CoA binding protein (1aca), SH2 domain (1a09), mannose binding protein (2msb), myoglobin (1a6 m), growth hormone (1a22-B), and von Willebrand factor (1auq). Conversely, a trace of a protein with multiple ligands may identify a few clusters of nearly equal size. None may be large enough to be signi®cant, but their low overall number would be signi®cant. Instances of proteins that achieved greater signi®-cance with the number of clusters method include bikunin (1bik), pseudoazurin (1bqk), Tpr2a-domain of Hop, an adaptor protein mediating association of Hsp70 and Hsp90 (1elr), thermosome (1ass), deacetoxycephalosporin C (1rxg), annexin III (1axn), and HIV reverse transcriptase (1c1b). In practice, a trace that fails to reach signi®cance with either statistics is unlikely to lead to biologically relevant information.
Statistical limitations
A potential liability of our approach is that we assume a linear relationship between the signi®-cance thresholds and protein size. Deviations from this norm are likely to occur, however, in proteins that have a marked increase in the surface-tovolume ratio of a protein. In such a case, the average residue is more often on the surface and thus makes fewer contacts to other residues. Accordingly, a given fraction of randomly picked residues will form more, smaller clusters than if they were picked from a typical globular protein, such as were included in the set of 12 proteins for which random simulations were performed. In other words, our signi®cance thresholds are too stringent for proteins with irregular (non-globular) shapes. This bias is acceptable, however, since it will underestimate trace signi®cance.
Another potential shortcoming is that statistical signi®cance, for example at the 5 % level, is established after repeated sampling, say at 5, 15, 20, 25 % coverage. Thus to report that a 5 % level of signi®cance has been reached at a given coverage is not formally correct, especially if that signi®-cance level was not achieved for any of the other coverages. While the repeated sampling pitfall is inevitable if one examines multiple coverages, signi®cance is often reached over a range of coverage levels, and each one of these incorporates the information in the previous levels, so they are not truly independent trials. In practice, if trace residues arose randomly and thus had no privileged structural relationship with one another, the null hypothesis H 0 could not be con®dently rejected. If in fact we ®nd that H 0 can be rejected over a certain range of coverage, then this suggests that these traces uncover biologically meaningful information. The fact that ET clusters overlap with ligand binding surfaces in 37 of 38 proteins supports this interpretation.
Accounting for insertions and deletions
The tolerance of gaps in the input multiple sequence alignment signi®cantly improves trace performance. With the number of clusters statistics, 44 proteins (96 %) reached the 5 % signi®cance level or better; and 30 (65 %) reached the 0.3 % signi®cance level. But when gaps are excluded these numbers are 72 % and 57 %, respectively. With the size of largest cluster statistics, 42 (91 %) reached ((a) and (d) ). ETidenti®ed residues surround and include residues from the structural epitopes for both proteins when gaps are excluded ((b) at rank 66, (e) at rank 13) and included ((c) at rank 55, (f) at rank 23) from the ET analysis. Individual ET-identi®ed residue clusters are shown in red, purple, and black ((b) and (c)) and in red and green ((e) and (f)). In the case of 1a80, the clustering pattern is noticeably different when gaps are included or excluded from the analysis. This is due to the fact that when gaps are excluded, the rank at which the structural epitope is identi®ed is greater than when gaps are included (compare (c) to (b)). As rank increases, separate small clusters tend to coalesce into larger clusters (compare (c) to (b)). These ET-identi®ed residues do not overlap completely with the structural epitope, consistent with the fact that not all of the residues in the binding site contribute to ligand interaction. the 5 % signi®cance level and 34 (74 %) reached the 0.3 % signi®cance level with gaps versus 78 % and 63 %, respectively, without.
These data clarify nearly opposite interpretations of gapped positions in a multiple sequence alignment. The view followed in the original trace method was that a gapped position cannot be functionally important in all the proteins in the multiple sequence alignment, since in at least one instance, in one species it is eliminated altogether. Another view, however, is that insertions may clearly introduce novel and important functional elements in a protein, perhaps simply by blocking a ligand from binding to its normal site. By the same token, a deletion might reveal a new functional surface or directly remove a functional component. Either way, gapped positions may play important roles and should be considered. Functional information in gapped regions can still be obtained with the original trace, but only if the, sequences with the gaps are removed from the alignment. This however, deprives the ET of much evolutionary information and diminishes its signi®-cance. On the other hand, the simple convention that gaps are a new amino acid type allows us to trace gapped regions and to avoid any loss of sequence information.
In addition, there are two structural advantages to including residue positions in regions containing gaps in the multiple sequence alignment. First, an active site of any given size will appear less signi®-cant in a smaller protein using our statistics, since it will occupy a greater fraction of the total size, making it more dif®cult to distinguish a signi®cant result from random clustering by an equivalent fraction of residues randomly scattered onto the same protein. Thus, by including more residues in the protein, an active site of the same size can be more easily distinguished from random chance. Second, removing residues from consideration tends to generate a pseudo-protein structure with an increased surface-to-volume ratio, which as seen above, increases the stringency of our statistical methods and underestimates the signi®cance of the trace cluster.
Guidelines for selecting input sequences and performing traces
The techniques introduced suggest a few simple guidelines for performing a trace. The initial selection of sequences should strive to eliminate sequence fragments and evolutionary outliers. The former introduces isolated gaps in the alignment that are not aligned with gaps in other sequences and thus that do not form blocks of gaps. The latter are also easily recognizable as offshoot branches rooted deeply in the phylogenetic tree. Otherwise, gap tolerance allows us to keep sequences which bear deletions/insertions, thereby reducing considerably the pruning of input sequences. Overall sequence identity in an alignment is another factor that affects the quality of the trace output. An input data set consisting of closely related proteins (say >70 % identity) causes many trace residues to be top-ranked. A large percentage coverage will therefore be reached very quickly (say >30 % coverage), at which point most clusters lose statistical signi®cance. On the other hand, if identity among input sequences is too low, some of the proteins may have diverged suf®ciently so that they no longer perform similar functions, and they may even use distinct functional surfaces. In that case the patterns of conservation and variation will be different in those proteins leading to few topranked residues, poor clustering and low signi®-cance. In fact, this feature is useful to identify which homologues perform identical functions and which do not. 16, 26 These guidelines are necessarily approximate and may not apply to speci®c protein families. In our data, useful traces were generated with as little as 25 % identity in an enzyme, deacetoxycephalosporin C, and as much as 65 % identity (protein phosphatase 1). In G protein-coupled receptors, for example, it is clearly possible to trace jointly sequences with as low as 12 % sequence identity and extract biologically meaningful functional site information. 27 HIV reverse transcriptase is an example of trace input optimization. This is one of the 38 proteins tested in this study having a bound ligand, and its initial trace included all 278 sequences retrieved by a simple search, including many fragments. The trace on this input set still yielded a signi®cant dominant cluster (5 %) but did not identify the ligand-binding site. However, a simple pruning of all protein fragments from the multiple sequence alignment, bringing the number of remaining homologues to 70, enlarges this cluster so that it matches the ligand-binding site and increases its signi®cance to 0.3 %.
An evolutionary link between sequencestructure-function Functional sites are the key mediators of protein activity, and the ability to predict their location on the structure and the relative importance of their constituent residues has important applications. Prior studies established proof of concept that the ET can predict the location of functional surfaces. First, known binding sites were accurately retropredicted in control proteins. 2 Then, ET correctly anticipated later mutational studies and quaternary structures revealed by X-ray crystallography. 1, 3, 4, 18, 19 Now, this study further extends our understanding of the method's range of application by showing that: (1) clusters of trace residues can be de®ned objectively; (2) they are repeatedly identi®ed in diverse types of proteins; and (3) they match the known ligand binding sites whether they are on the surface, or buried in the protein core.
The statistics introduced here formalize the clustering characteristic of class-speci®c residues. It is interesting to stress that the rank of a residue depends only on its variational history and how this correlates with evolutionary divergence. Thus the trace operates on sequences, with no a priori knowledge of the spatial distribution. Why then do highly ranked residues cluster, and why do they match functional surfaces? Both observations suggest that this is because, as anticipated, topranked residues are evolutionarily important. Trace residue variation, by de®nition, always correlates with evolutionary divergence. These residues must, therefore, contribute signi®cantly to one, or many, functions (such as folding, cellular location targeting, protein dynamics, ligand interactions, biochemistry, degradation, and others), the most likely of which is molecular recognition when they are found on the surface. Lastly, it is dif®cult to imagine how a residue important to any of these functions could be entirely surrounded by residues that lacked importance themselves. It would seem that the latter would insulate their important neighbors and likely diminish the in¯u-ence of its variation. This argument hinges on the cooperative nature of residues within the polypeptide chain, and suggests that the key determinants of structure and function should be organized into networks of contacts. Our results show that such networks can indeed be identi®ed.
While the practical purpose of the trace is to identify functional surfaces, we note that most topranked residues clusters internally where they are likely to play key roles in folding, protein dynamics, and allosteric phenomena. As more traces become available it will be interesting to study this evolutionary core in its own right to understand its components, variations, and substructure as they relate to the rest of the protein. It will also be useful to probe the relationship between trace residues and those de®ned by the related concept of``conservatism-of-conservatism'', 28 or through conservation in common protein substructures. 29 In conclusion, this study shows that the ET should be applicable to most proteins in the protein structure database and those that are yet to emerge from the Structural Genomics Initiative. 30 As ever more genomes are sequenced, the minimum number of homologues needed for ET to achieve signi®cance will be increasingly met. Even when relatively few sequences are available, the statistics presented here still allow users to analyze a structure and assign an objective signi®cance to the ET-identi®ed clusters. The experimentalist can then judge whether the signi®cance justi®es targeted experimentation. Often, in an experimental context, a signi®cance level of only 30 % may in fact warrant targeted mutagenesis as a better alternative to random mutagenesis. The ability to objectively assess cluster signi®cance, and the diminished requirement for removing gapped sequences beyond those that are obviously fragments should also allow for streamlining and automating ET. It will thus provide a general and natural mechanism to extract from the raw data in sequence and structure databases the answers to at least two critical biological questions: where are the functional sites, and what are their key residues?
Methods
Protein test set
A total of 12 proteins (1bdo (80 residues), 1a09 (106 residues), 1elw (117 residues), 1a6m (151 residues), 1ass (152 residues), 1am1 (213 residues), 1aol (228 residues), 1amk (250 residues), pp1 (294 residues), 1axn (323 residues), 1bag (425 residues), 1pvd (537 residues); full names are given in Table 4 ) were included in the test set for random cluster simulations based on the criteria that their sizes should adequately sample the region between a small protein ($80 residues) and a large protein ($500 residues) and that their shapes are mostly globular. For each protein, the fraction of residues chosen randomly was determined as a percentage of the total number of residues present in that protein, beginning with 5 % and increasing in increments of 5 % to 95 % (although only coverages up to 30 % are shown herein). At each coverage level, individual residues were selected randomly and both the total number of clusters and the size of each cluster were recorded. This process was repeated 5000 times (a compromise between statistical signi®cance and computational time) for each protein at each coverage level to generate the complete data set for further analysis.
Clustering analysis
The randomly selected residues were de®ned as a cluster if any atom in one residue was within 4 A Ê of any other atom in another residue (hydrogen atoms excluded). The typical distribution of the number of clusters followed a long-tailed distribution as shown in Figure 2 . We calculated the number of clusters at threshold values of 0.3, 1, 5, 10, 20 and 30 % signi®cance: 0.3 % signi®cance, for example, implies that the probability of randomly observing the corresponding number of clusters is 3 in 1000.
For each of the 5000 iterations, at each coverage level, the size of the largest cluster was recorded and their distribution was plotted for each coverage level (Figure 4) . The resulting distributions closely resembled those observed for the number of clusters analysis and therefore a similar approach of determining threshold values was used. However, the tail of the distribution corresponding to a larger value (of cluster size) was used rather than a smaller one as before, although for the same reason (signal is de®ned as a small number of large clusters).
Linear fitting and look-up tables
Both the threshold values for the number of clusters and the size of the largest cluster analyses followed a linear relationship with respect to protein size. In order to extrapolate our data to proteins of all sizes (within the range we tested), we plotted each threshold value against protein size to allow comparison of an observed threshold value with the value expected randomly (and the signi®cance of such a comparison) for a given coverage (Figures 3 and 5) . Since a linear relationship was found irrespective of protein size, signi®cance, or cover-age, we obtained linear ®ts for each coverage and signi®-cance level and used the resulting data to generate lookup tables whereby the ®ts at a given coverage and signi®cance level could be used to extrapolate a threshold value for a protein of any size within the range test. The statistics used to construct Figures 3 and 5 are discrete and not continuous as may be implied by the smooth envelope of the histogram. All the thresholds obtained by linear extrapolation have been rounded off to the nearest integer.
ET analysis
ET analysis was performed as previously described. 1, 2, 16 A total of 46 proteins were selected from the PDB so that they represented a range of protein sizes (the smallest one 37 residues and the largest one 537 residues in length), a wide range of protein folds, and a diversity of biological function ( Table 4 ). The multiple sequence alignments were generated using pileup (of GCG package) or CLUSTALW using their default variables and the trees obtained are rooted and unbalanced. Two different types of ET analyses were performed on each of these 46 proteins. The ®rst method of analysis discounted any residue position containing a gap; while the second method of ET analysis involved includes such residue positions by treating gaps in the sequence alignment as a 21st amino acid. Considering a gap as an arti®cial amino acid type allows every residue in the structure to be assigned a rank (as opposed to the ®rst method where gap positions are completely ignored), leading to 100 % coverage of the protein structure at the maximum rank, and thus enables direct comparison between ET predictions and the random clustering. The ®rst method, however, requires an adjustment to be made in the coverage values so as to account for the fact that at maximum rank, 100 % coverage of the protein may not have been achieved. In both the cases we used an input data set that was not optimized (i.e. fragmented sequences, incomplete sequences, distant homologues, mutants, and sequences that vary in length from the sequence of the structure were not pruned from the input to the multiple sequence alignment). These sequences were not removed in order to mimic an input that could be fed into the program by a scientist not trained to use the ET. An ET server is under construction{ and more Figures of traces performed on various proteins discussed here or otherwise can be found{.
ET mapping
Ranks were converted into their corresponding coverage levels by dividing the number of class-speci®c residues at a given rank by the total number of residues able to be assigned a rank. When residue positions containing gaps are excluded from trace analyses the total number of residues becomes the number of class-speci®c residues found at the maximum rank. When gaps are treated as arti®cial amino acids, the total number of residues is simply the total number of residues in the protein structure. The signi®cance of any rank can be determined by examining where the observed number of clusters (at that rank's coverage) falls with respect to the signi®cance thresholds established from the linear ®tting of the random cluster data. In the case where gaps are excluded from the analyses, the signi®cance of the ranks is determined in the same manner as when gaps are included, but the protein size is considered to be the maximum number of trace residues and not the total number of residues in the protein. Visualization of trace predictions was done using Rasmol molecule viewer.
